Abstract. Focus on the problem that the traditional loop closure detection algorithm is unstable and easy to fail in dynamic scene, an algorithm that can accurately detect the closed loop under the dynamic scene is proposed. First of all, the algorithm for distinguishing dynamic and static features based on scene flow is improved. Then, dynamic feature points are removed and clustering is performed. The TF-IDF entropy of each node of the image in the visual dictionary tree is used as the weight of the image in the visual words, and a score vector is constructed to describe the scene. Finally, the negative exponent power function is used to calculate the similarity of the two images.. After the final closed-loop confirmation, the final key frame with the current frame closed-loop is obtained. The experiment of the actual scene shows that the algorithm proposed in this paper can effectively detect the loop closure in the dynamic scene.
Introduction
As a basic issue of SLAM(Simultaneous Localization and Mapping) technology, loop closure detection, which accurately and effectively entail the identification of previously visited places, can reduce the cumulative error caused by robot motion and play an important role in building an accurate map [1] . In visual SLAM, many researchers have applied the bag of words (BoW) methods [2] to detect loop closure. In this method, the centers of the extracted visual features of training images generated by clustering, are used as words of the word bag (visual dictionary). Each key-point visual feature of the query image is quantified as a word, and the query image is represented as a histogram of each word in the visual dictionary. Based on that, the similarity of two scenes is evaluated.
The BoW method has a good performance in the static scene, however, it easy to fail in dynamic scene. In this paper, a novel method is proposed to solve the problem. First, an improved algorithm to divide dynamic and static features is proposed so that dynamic features are obtained accurately. Then , removing dynamic features, and clustering is performed, score vector is constructed to describe the scene. At last ,we apply the negative exponent power function to calculate the similarity of current frame and the candidate key frame, and get the loop closure frame after loop-closure confirmation. We perform actual experiments to validate the effectiveness of the algorithm in loop-closure dection compared with ORB-SLAM2 [3] . The rest of this paper is organized as follows: Section 2 summarizes some existing methods. Section 3 describes our algorithm. Section 4 is the experimental verification followed by conclusion in Section 5.
Related Work
The BoW is an attractive method used in loop closure detection. After used in SLAM, many subsequent work have provided refine schemes for it. In this section, we will introduce them from two aspects:.BoW method in loop closure detection and SLAM in dynamic scene.
BoW Method in Loop Closure
In recent years, based on the BoW method, there have been many improved algorithms for good closed-loop detection effects. Cummins et al [4] considered the correlation between words and used the Chow-Liu tree method to obtain the closed-loop detection probability. Li Bo et al [2] proposed a pyramid-based TF-IDF score matching method based on a visual dictionary tree, effectively distinguishing the effects of different levels of nodes of the visual dictionary tree. Closed-loop detection requires high real-time performance and accuracy and needs to reduce perceived ambiguity. Li Yongfen [5] get al improved the perceived ambiguity in closed-loop detection by improving the pyramid TF-IDF score matching method. Li Weipeng et al [6] in the closed-loop inspection, adding the spatial position uncertainty constraints, effectively ruled out most of the perceived ambiguity in the multi-ambiguous scenes.
SLAM in Dynamic Scene
When the above methods are used for closed-loop detection, the application scenarios are mostly static and invariable. When the objects in the scene have continuous motion, the scene information is continuously changed, and continuous scene information appears or is blocked, resulting in a closed loop. The key frame, the algorithm thinks it is to reach a new scene, leading to closed-loop detection failure.
Tan et al [7] used the SIFT descriptor to accelerate the monocular SLAM algorithm in a dynamic scene using GPU acceleration. However, the text has many constraints on the dynamic scene and does not have good generalization. Johannsson et al [8] extracted SURF or BRIEF feature points and conducted word training. In the long-term, long-distance closed-loop detection experiment, he achieved certain results. Lin et al. [9] proposed a method that combines scene streams with virtual map points to effectively distinguish between feature points and static feature points on moving objects in the scene, however, no work was done on closed-loop detection.
In order to improve the accuracy of the closed-loop detection method in dynamic scenes, this paper proposes a closed-loop detection algorithm based on the literature [9] and the BoW method.
Improved Loop Closure Detection Algorithm in Dynamic Scene
A loop-closure detection algorithm that can be applied to dynamic scene inthis paper for the problem of loop-closure detection instability and frequent failure in dynamic scenes. Figure. 1is a schematic of the algorithm in this paper. The three shaded parts of the figure are the innovative parts of this paper. 
Improved Static and Dynamic Point Discrimination Algorithm
Because the literature [9] only uses the angle information of the scene stream to distinguish the dynamic and static feature points, it is easy to cause misjudgment of the feature point state. This paper proposes a weighted average method that considers the angle of the scene stream and the module values to obtain a relatively accurate threshold for distinguishing between dynamic and static points.
First, calculate the modulo value c and angle θ of each pair of scene flow of matching feature point; secondly, solve the Gaussian mixture model parameters, and classify the feature points of the current frame according to the scene flow angle, and calculate the average value of scene flow modulus value of each feature point. The smallest mean value is considered as a type of point where the static point is most likely to exist, denoted as a set: { , 1, 2,3..., } S p = = n n k , which k is the number of feature points of the set S . Using the weighted average method, construct new indicators n H for each feature point.
n c is the modulus of the scene flow corresponding to the feature point in the set S , θ n is the angle of the scene flow corresponding to feature point. Using the average of the new evaluation indicators of the feature points in the set S as the threshold for distinguishing the static and dynamic points, Then, for the feature points of the scene flow, the corresponding evaluation index n H is calculated. If the value is smaller than 1 ψ , it belongs to the static feature point. Otherwise, it is attributed to the selected exercise point set, waiting for further matching with the virtual map point. Available, the status of the feature points p is: 
Improved BOW Closed-loop Detection Algorithm
Scene Description: This article considers that there will be some feature points on the moving object in the scene. In Section 3.1, the method distinguishes the dynamic and static feature points, removes the dynamic feature points, and then clusters and uses the images in the TF-at each node of the visual dictionary tree. The DIF entropy is used as the weight of the image in the visual word, and the word's score vector is used to describe the scene.
Calculation of Similarity Score: Equation (4) is the similarity score function proposed by the literature [2] ,The irrationality of equation (4) was analyzed in literature [5] , and the score function of equation (5) was proposed.however,when comes to scenes with a high degree of similarity, formula (5) can not solve perceptual ambiguity problems.This paper proposes a negative exponential power function, formula (6) , as a function of calculating the similarity score between two images.
The negative exponential power function makes the similarity score of the two images and the TF-IDF entropy of the two nodes inversely proportional, that is, the closer the TF-IDF entropies of the two are at the node, the higher the similarity score; on the other hand, ensure that the two-frame image is controlled within the similarity score range of (0,1] in a single node.
Loop-closure Confirmtion: Time continuity and polar geometry constraints are used to confirm the closed loop and eliminate the error closed loop.
Candidate Keyframes after Preliminary Screening
The method of get preliminary filtered candidate key frame set is similar to ORB-SLAM2 candidate closed-loop frame obtaining method. Candidate key frame selection conditions are:
(1) A frame with a number of words in the current frame that exceeds a certain threshold but does not include a common frame in the current frame.
(2) The similarity score with the current frame is greater than the lowest score of the current frame and its common frame.
The image frames here are identified by the static and dynamic points, and then the scene is delineated after removing the moving points. By judging the number of words in common, most unrelated frames can be screened, which greatly reduces the number of comparisons, thereby improving the real-time performance of loop-closure detection.
Experiments and Analysis
This paper uses the simulated indoor scene in the laboratory as the experimental scenario. The scope of this scenario is as shown in Figure 2 . The experiment uses the Xtion sensor (Fig,3) to go through the scene for a week. The computer used in the experiment was an i7 processor with a clock speed of 2.5GHz and 4G of memory. It did not use GPU acceleration. The system was Ubuntu 14.04. ORBSLAM2, one of the best algorithm, is selected for comparison experiments. Fig.4 shows the actual scene experimental results of ORB-SLAM2. The part enclosed by the red rectangle should be the part where the closed loop occurs. However, in the actual experiment, there is a walking man in this section of the path, which result in the faliure of the loop-closure detection of the ORB-SLAM2.
The result of improved algorithm without loop-closure detection which is based on Lin's method, is shown in Fig.5 . We can find that the loop-closure is not detected, but the trajectories are more accurate than ORB-SLAM2 in Fig.2 , which is result from the accurate distinction between dynamic and static feature points. Figure 6 shows the actual scene experimental results of proposed algorithm, and we can find the loop-closure occurred in the part where has a walking man, and the more details are shown in Figure. 7. The green lines connecting two trajectories means that there is a loop-closure between two key frames. By comparing Figure 4 , Figure 5 , and Figure 6 , we can find the algorithm proposed in this paper can detect the loop-closure accurately under the dynamic scene.
Conclusion
In this paper, we present an improved BoW algorithm based on improved static and dynamic points discrimination algorithm. Compared with the traditional BoW, our algorithm incorporates discrimination of the moving state of image feature points. In addition, we remove the dynamic points and obtain scene descriptions by static point clustering.th, Then,we use negative exponent power function as a similarity score function to effectively reduce perceived ambiguity. From the results of experiments, we can see that our improved BoW algorithm can obtain loop closure detection accurately under the dynamic scene than ORB-SLAM2.
For future work, we plan to explore the following topics: 1) Ways to improve robustness of our algorithm to the large change of viewpoint. 2) Trajectory optimization after closed loop detection. 3) Refinement of search strategy to improve the real-time reaction performance of our algorithm when faced with large-scale map. 
